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Elegance is often invoked as a characteristic of good design, but it cannot be pursued as a design objective because of the absence of
actionable deﬁnitions that can be translated into design strategies and metrics. In this work, we analyze elegance in the context of
systems engineering using a perspective that integrates visual art, Gestalt psychology, neuroscience, and complexity theory. In
particular, we measure elegance as eﬀective complexity and theorize that it can be achieved by a process of complexity
resolution based on the adoption of eight visual heuristics. We present an empirical study in which a sample of systems
engineers were asked to assess alternative representations of a same system and show that eﬀective complexity is strongly
correlated to perceived elegance and systems eﬀectiveness. Our results are consistent with independent ﬁndings obtained in
other ﬁelds including design and psychology of perception showing that good design must embed an eﬀective level of
complexity achievable through a mix of familiarity and novelty.
1. Introduction
Research in neuroscience has made substantial progress in
the last decade in improving our understanding about how
our brain produces knowledge by extracting meaningful
patterns from the ﬂow of data that hit our senses. The
complexity of the brain has evolved in time integrating
the older subconscious and emotional strata with the more
recent conscious and rational layers [1]. As a result, the
human brain’s ability to extract meaning from the sensory
world is not only built on the analytical skills of the
higher-level layers but also on fast-thinking heuristics [2]
based on a priori psychological constructs [3] and acti-
vated by gut feelings developed through environmental
adaptation [4]. Such a mix of emotional and analytical
thinking is particularly evident in the way the human
brain perceives art.
Drawing from Gestalt psychology [3] and through the
use of advanced MRI techniques to detect cerebral activity,
several neuroscientists [1, 5, 6] claim that the aesthetic enjoy-
ment we experience in front of a masterpiece is an excep-
tional empirical situation to study a key human ability, that
is, how we elicit meaningful patterns to reduce the complex-
ity determined by ambiguous information. According to
these studies, understanding a painting is the result of the
application of speciﬁc cognitive strategies and of a system
of biochemical incentives that reward our pattern
recognition ability [7].
Building on this perspective and ﬁndings, we argue that if
evolution has hardwired the human brain with cognitive
abilities for the appreciation of beauty, the aesthetic value
of a representation must also matter for other practical pur-
poses. In the engineering realm, systems engineering has
been found valuable in dealing with complex system because
of its inherent capability to reduce complexity [8]. In partic-
ular, system architecting, which enables structuring a prob-
lem into manageable pieces, is instrumental in identifying
and using patterns that yield good, simple, elegant architec-
tures [9–11]. Thus, both aesthetic experience and engineer-
ing systems architecture seem to have in common the
objective of reducing complexity and recent work related to
the application of systems engineering practices to artistic
composition shows that these two perspectives can be
successfully integrated [12].
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In order to explore this idea further, based on ﬁndings
and theories developed in design [13–15], Gestalt psychology
[3, 16], and neuroaesthetics [1, 5, 6], we identiﬁed eight visual
strategies that correspond to basic heuristics through which
drawings and paintings can be created and interpreted (seven
of them are listed in Table 1). These strategies can be orga-
nized into two groups: noise-killing strategies, aimed at sim-
plifying reality by suppressing supposedly irrelevant stimuli
(noise), and add-meaning strategies, whose objective is to
add information when we realize our interpretation is too
simple to explain reality or deliver the expected performance.
We theorize that complexity reduction is achieved through
the application by trial and error of both types of strategies
until an optimal level of complexity is achieved (eﬀective
complexity [17]).
Gell-Mann and Lloyd [17] deﬁne eﬀective complexity as
the shortest description of the perceived regularities in a sys-
tem. A completely random sequence of data has eﬀective
complexity equal to zero. The same would happen for a
completely ordered sequence, such as a string containing
only one symbol repeated many times. Sequences exhibiting
some regularities would be in an intermediate region between
total order and complete disorder, so their eﬀective complex-
ity is higher than zero. In this work, we will use eﬀective com-
plexity as a metric to assess the application of the seven visual
heuristic strategies: speciﬁcally, we will show that noise-
killing strategies are aimed at increasing eﬀective complexity
through simpliﬁcation, that is, by looking for familiar input
in the available stimuli; similarly, add-meaning strategies
are aimed at increasing eﬀective complexity through com-
plexiﬁcation, that is, through the discovery of new order in
unfamiliar situations.
Interestingly, we found out that there is an overlap
between the competences that artists and system architects
need to master to design artifacts whose internal complexity
matches the external complexity of the task they are designed
to address [18–20].
In this paper, we test this hypothesis further. In particu-
lar, we present an empirical study in which we surveyed a
sample of systems engineers about the perceived eﬀectiveness
and elegance of alternative architectures of a same system.
Our results show that systems architecture elegance can be
measured as eﬀective complexity [17]. We also found out
that the experts in our sample perceived the most elegant
architectures as the most eﬀective and that elegance is
achieved when all the visual strategies reported in Table 1
are applied in the design of the system representation.
The remainder of the paper is organized as follows.
Section 2 describes the methodology. Section 3 presents
the results of the survey. A discussion of the results is pro-
vided in Section 4. Conclusions are provided in Section 4.
2. Methodology
2.1. Design. This research was designed to test the following
hypotheses:
(1) Perceived implementation eﬀectiveness is correlated
to the structural complexity of the architecture.
(2) Perceived elegance is correlated with the eﬀective
complexity of the architecture.
(3) Eﬀective complexity is higher when both noise-
killing and add-meaning strategies are used more
intensively.
A sample of 54 systems engineering experts was pre-
sented with various candidate architectures of an auto-
mated teller machine (ATM); speciﬁcally, functional
architectures have been used. Subjects were asked to rank
the architectures based either on their perceived imple-
mentation eﬀectiveness or on their perceived elegance
(no deﬁnition of elegance was however given to the partic-
ipants). Each participant was randomly presented with
only one of the evaluations in order to avoid temporal
precedence biases. Eight architectures were developed
using diﬀerent strength levels of the strategies reported
in Table 1. All the architectures followed the same
Table 1: Artistic strategies for reducing complexity.
Noise-killing strategies Add-meaning strategies
(X1) Subtract details: eliminate unnecessary and uninformative
details (e.g., by elementary geometric shapes, minimalist
representation, sketched ﬁgures, and abstraction)
(X5) Emphasize: assigning importance to elements by deliberate
distortion (e.g., exaggerated proportions and emphasis on
characterizing traits, as in caricature)
(X2) Symmetry: can be vertical, horizontal, applied to the entire
image, or to part of it
(X6) Power of center: creation of a strong visual center toward which
the author intends to draw the observer’s attention. The center is
clearly identiﬁable by graphic elements directing attention such as
direction lines, strong colors, and shapes or other graphical eﬀects
that radiates from the center
(X3) Grouping: use of clusters to group visual elements and arrange
them in the image to communicate a sense of order or relationship
(by similarity, spatial proximity, juxtaposing diﬀerent groups, etc.)
(X7) Contrast and balance: creation of tension between elements that
are supposed to be in relationship by contrast of color or composition
(e.g., use of contrast tones, use complementary colors, and
juxtaposition of shapes and elements across some axis to balance for
visual weight)
(X4) Split: use of informational hierarchy in the image in which visual
elements are present at diﬀerent levels (e.g., recursivity, as in the use
of fractal forms, and background/foreground)
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drawing pattern in order to isolate the eﬀect of the artistic
strategies.
Response data, together with demographic information,
were collected via an online survey over a period of two
weeks; each participant completed his or her task within 15
minutes in a single individual session. Participants worked
autonomously, and there was no interaction between the par-
ticipants and the researchers.
The ATM was selected to guarantee that the respon-
dents were familiar with the operation and objectives of
the system of interest. Besides, our subjects were experi-
enced systems engineers that were familiar with systems
engineering representation and notation; ﬁnally, the
ATM system description we used in the empirical mate-
rials describes a traditional ATM service. These measures
help in reducing the risk of biased evaluations that are
obtained in single-shot assessments (assessments with
just one evaluation phase without prior familiarization,
see Section 2.3) and that are likely to surface when the
evaluation concerns systems characterized by high
novelty or innovativeness [21, 22].
2.2. Factors. The independent variable in this investigation
is the set of artistic strategies that were used to develop
the various ATM architectures. The strength or presence
of the eight strategies in each architecture was assessed
by an expert on a seven-point scale (1 corresponded to
the “lowest level” and 7 corresponded to the “highest
level”). Each level of the scale was anchored to descriptors
determined through the construction of an evaluation
rubric (see Supplementary 1).
Two dependent variables were measured: perceived
implementation eﬀectiveness and perceived elegance.
Participants were required to rank the alternative designs
in terms of both variables using a 1 to 8 ordinal scale,
where 1 indicates the most preferred and 8 indicates
the least preferred.
In the survey, we did not provide any speciﬁc objective or
requirement for the architectures because the goal was to
measure structural perception as opposed to a more ratio-
nal/technical analysis of the system. To compensate in part
for this constraint, we considered a system of interest (i.e.,
the ATM) whose overall purpose and user’s needs are known
by most adults. The time to complete the survey was limited
to 15 minutes, much less than what would be necessary in a
real-life assessment of a system’s architecture. Again, this
limitation was enforced to capture perception and to prevent
subjects from engaging in a more in-depth technical analysis.
2.3. Materials. The survey was divided into two parts
(Supplementary 2). The ﬁrst part contained a demographic
survey to collect information about the professional experi-
ence and educational background of the participants. The
second part consisted of the eight ATM system architec-
tures and two rank ordering questions, one addressing
perceived implementation eﬀectiveness and one addressing
perceived elegance (note: each participant was only given
one of the two questions randomly). Two examples of
diagrams representing the ATM system architecture are
depicted in Figure 1.
The diagrams were represented as box and arrows work-
ﬂow and did not contain formal notations because the use of
a more formal description could have aﬀected the ranking
depending on the level of expertise or familiarity of the par-
ticipants with the speciﬁc modeling language. Every diagram
was identiﬁed through a letter from A to H.
The diagrams were attached to the survey in a down-
loadable MS PowerPoint ﬁle and randomly displayed in
a single slide as in Figure 2. Participants could click on
each miniature to enlarge the image and inspect the archi-
tecture (Figure 1).
The survey consisted of a single question asking partici-
pants to rank the eight diagrams in terms of either perceived
implementation eﬀectiveness or perceived elegance. Both
surveys were administered online via Qualtrics and could
be accessed via a web link provided to the subjects.
The architectures were designed by one of the
authors of this paper to deliberately incorporate the
strategies Xi at diﬀerent levels of intensity, while another
author carried out the assessment reported in Table 2
independently, using the assessment tool reported in
Supplementary 1. The strength levels of the strategies
corresponding to the architectures depicted in Figure 2 are
reported in Table 2.
2.4. Subjects. Fifty-four complete and usable surveys were
collected. Participants did not receive any compensation.
Participation was anonymous. Only the answers pro-
vided by participants belonging to one or more of the
following categories have been eventually included in
the analysis:
(i) Self-identiﬁed systems engineers with at least 5 years
of professional experience: a practicing systems
engineer is deﬁned as an individual who executes
some or all of the activities described in [8] as part
of his/her professional work
(ii) Systems engineering faculty
(iii) Doctoral students in systems engineering
2.5. Eﬀective Complexity Metric. No deﬁnition for elegance
was provided to the participants. A simple and shared def-
inition of elegance is notoriously diﬃcult to ﬁnd, so we
relied on the subjective interpretation that participants
had of the concept, typically interpreted in terms of a
mix of ingenuity and simplicity. Implementation eﬀective-
ness was deﬁned as the quality of each architecture to be
conducive to easy implementation.
Structural complexity was computed using two diﬀer-
ent metrics: cyclomatic complexity [23] and topological
complexity [24].
The cyclomatic complexity of a graph G withm edges and
n nodes is given by
V G =m − n + 1 1
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This metric counts the number of linearly independent
cycles present in the network. Fewer cycles within the
network should result in easier implementability.
Topological complexity is expressed as
C3 =
E A
n
, 2
where E A represents the graph energy of a network, deﬁned
as the sum of singular values σi of the adjacency matrix:
E A = 〠
n
i=1
σi 3
Graph energy reveals the complexity of the struc-
tural dependency among the components. Topological
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Figure 2: Alternative systems representations of an ATM used in the survey.
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complexity metric C3 values are associated to these system
architectural patterns:
C3 < 1⟶ centralized architecture,
1 ≤ C3 < 2⟶ hierarchical architecture,
C3 ≥ 2⟶ distributed architecture
4
A conceptual example of how topological complexity
relates to architectural patterns is shown in Figure 3.
3. Results
The questionnaire was submitted to experts belonging to
online groups of systems engineering and by individual email
invitation. Eventually, we collected 54 usable surveys. The
average ranking of elegance and perceived implementation
eﬀectiveness is reported in Table 3. The sample for each ques-
tion is 27 subjects because participants were randomly
assigned to answer either the elegance or the implementation
eﬀectiveness question.
The two rankings are perfectly correlated (Spearman
rank correlation is equal to 1), which means that independent
experts considered the most elegant diagrams as the ones that
turned out to be also easier to implement.
The ﬁrst experimental hypothesis predicts the presence
of correlation between preference judgments on implementa-
tion eﬀectiveness and structural complexity measures (most
preferred diagrams are the least structurally complex).
Table 2: Strength levels of the artistic strategies in the eight ATM architectures.
Diagram
Strategies
Subtract details X1 Symmetry X2 Grouping X3 Split X4 Emphasize X5 Power of center X6 Contrast/balance X7
A 6 7 5 4 4 7 7
B 6 6 5 4 7 7 7
C 4 3 2 2 2 4 4
D 3 2 2 2 2 3 3
E 2 6 1 1 1 1 1
F 6.67 7 6 6 5 7 7
G 6.67 7 6 6 7 7 7
H 2.67 6 4 3 1 1 1
“Distributed” architecture
“Hierarchical” architecture
Centralized architecture
Increasing topological complexity
(C3)
Figure 3: Architectural patterns deﬁned in terms of topological complexity (source: Sinha [24]).
Table 3: Average ranking of perceived implementation eﬀectiveness
and perceived elegance (N = 27) on a 7-point Likert scale with
1 =most preferred and 7 = least preferred.
System
diagram
Perceived implementation
eﬀectiveness (n = 27)
Perceived elegance
(n = 27)
A 4.2 3.9
B 3.8 3.5
C 5.5 5.2
D 5.9 6.4
E 6.5 7.1
F 3.1 3.0
G 2.6 2.7
H 4.3 4.2
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First, Spearman rank correlation coeﬃcient was calcu-
lated between the average preference rankings and cyclo-
matic complexity values (Table 4). Computing Spearman
correlation coeﬃcient using the data contained in Table 4,
we obtain
ρs = 1 −
6〠ni=1D2i
n n2 − 1 = 1 −
6 ∗ 3
8 64 − 1 = 0 96, 5
where Di = rank CCi − rank Pi and n = 8. The correlation is
signiﬁcant at p = 0 05, so hypothesis 1 is conﬁrmed when
structural complexity is measured as cyclomatic complexity.
We retested the hypothesis using topological complex-
ity. Table 5 reports the values of perceived eﬀectiveness
implementation and topological complexity for each dia-
gram and the associated rankings. Spearman correlation
in this case is equal to 0.71, still signiﬁcant at p = 0 05 for
n = 8. Thus, hypothesis 1 is veriﬁed also when using topo-
logical complexity.
Hypothesis 2 states that perceived elegance is correlated
with eﬀective complexity. Eﬀective complexity for each dia-
gram was calculated using the LMC measure proposed by
Piqueira and de Mattos [25]. This metric is inspired to
Gell-Man and Lloyd [17] deﬁnition of eﬀective complexity
(EC) of an entity as the length of a highly compressed
description of its regularities. LMC measure is deﬁned as
a weighted geometric average combination of order and
disorder measures.
Γ1k = 1 − Δ Δ k, 6
where Δ is a measure of disorder deﬁned as relative entropy
as follows:
Δ = S
Smax
, 7
where S is the entropy of the system.We characterized S as an
entropy measure based on the topological conﬁguration of a
network [26].
S N , p = −M p log2 p + 1 − p log2 1 − p , 8
where M is the maximum number of possible edges in the
network, which for an oriented graph with n nodes is
equal to n n − 1 . Link probability p is equal to the ratio
between the number of actual connections m tall the
potential M connections.
Table 6 shows these measurements for each of the eight
diagrams together with the corresponding entropy values.
Smax is the maximum value of entropy which is equal
to M when p = 0 5. Since the experts were considering
relative ranking based on the available alternatives, we
used the highest value of M in our sample (M = 182, see
Table 6).
Using these data, we constructed the eﬀective
complexity curve (Figure 4, from the data in Table 7)
Table 4: Data for Spearman correlation coeﬃcient calculation.
Diagram
Cyclomatic
complexity
(CC)
Perceive
implementation
eﬀectiveness (P)
Rank
CC
Rank
P
A 14 4.2 3.5 4
B 14 3.8 3.5 3
C 15 5.5 5.5 6
D 23 5.9 7 7
E 34 6.5 8 8
F 11 3.1 1 2
G 12 2.6 2 1
H 15 4.3 5.5 5
Table 5: Data for Spearman correlation coeﬃcient calculation.
Diagram
Topological
complexity (C3)
Perceived
implementation
eﬀectiveness (P)
Rank C3
Rank
P
A 0.74 4.2 1 4
B 0.86 3.8 2 3
C 0.998 5.5 5 6
D 1.14 5.9 6 7
E 1.26 6.5 8 8
F 0.92 3.1 3.5 2
G 0.92 2.6 3.5 1
H 1.15 4.3 7 5
Table 6: Entropy calculation for each diagram.
Diagram n m M p S
A 14 27 182 0.148 110.237
B 13 26 156 0.1667 101.403
C 14 29 182 0.159 115.157
D 14 36 182 0.198 130.587
E 14 47 182 0.258 149.983
F 11 21 110 0.191 77.371
G 11 22 110 0.200 79.412
H 11 26 110 0.236 86.783
F
G H B AC
D
E
0
0.05
0.1
0.15
0.2
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0.3
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Γ
∆
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Figure 4: Eﬀective complexity curve.
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as a function of Δ and ranked the diagrams in terms of
their eﬀective complexity. The curve reproduces the
inverse U-shaped curve theorized by Gell-Man and Lloyd
[17] according to which the highest level of eﬀective
complexity is the result of a mix of predictable order
and understandable disorder.
The value of Spearman’s correlation between EC and ele-
gance ranking (Table 8) is equal to 0.74, which is signiﬁcant
at p = 0 05 for n = 8. Hypothesis 2 is then supported.
Hypothesis 3 states that higher level of eﬀective complex-
ity is achieved when both noise-killing and add-meaning
strategies are used at higher level of intensity.
The diagrams that are perceived as the most elegant, such
as G, F, A, and B, are the ones that in Table 2 score high both
on the strategies and on the eﬀective complexity metric, with
H being the only exception (lower score on strategies, but
high score on EC). This correlation can be oﬀered as evidence
supporting hypothesis 3.
Spearman correlation coeﬃcient was calculated between
the vector norms of the strategy assessments corresponding
to the architectures (Table 2) and elegance ranking
(Table 9). The correlation is equal to 0.98, and it is signiﬁcant
at p = 0 05 for n = 8. Thus, the most elegant diagrams incor-
porate the highest intensity levels of the visual strategies.
However, in order to discount for potential correlation
between the original strategy variables, we performed a
principal component analysis. The loading factors over two
principal components are reported in Table 10. The ﬁrst
two components Y1 and Y2 explain 94.16% of the variance
in the sample where
Y1 = 0 41 X1 + 0 2643 X2 + 0 3893 X3 + 0 3907 X4
+ 0 3854 X5 + 0 3932 X6 + 0 3932 X7 ,
Y2 = 0 1486 X1 − 0 8076 X2 − 0 2516 X3 − 0 1722 X4
+ 0 1766 X5 + 0 3175 X6 + 0 3175 X7
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Figure 5 reports the 8 diagrams on the bidimensional
space determined by the principal components. It is possible
to observe that the most elegant system diagrams, such as A,
F, G, and B, are on the right side. They are very close to the
horizontal axis, which corresponds to variable Y1, on which
all the seven strategies are projected with more or less the
same load factor. The most inelegant architecture, such as
C, D, and E, lies on the opposite side of the plane.
4. Discussion and Conclusions
The results presented in this paper suggest that elegance can
be described in terms of eﬀective complexity.
First, our results show a high degree of correlation
between elegance and structural complexity, as well as
between elegance and implementation eﬀectiveness. In
other words, the most elegant design is perceived both as
structurally simple and as conducive to more eﬀective
and easy implementation.
Second, the correlation between perceived elegance and
eﬀective complexity shows that the level of elegance can be
understood in terms of “desirable” complexity. While gen-
erally elegance is considered as a very subjective and vague
concept, our results show that the eﬀective complexity
metric used in this study was highly predictive of the
elegance ranking provided by the experts. The proposed
metric assesses complexity as a balanced mix of familiar
and discoverable order, with order measured in terms of
entropy as deﬁned in information theory.
Based on this result, we speculate that understanding and
resolving complexity is a dynamic process in which individ-
uals adopt noise-killing heuristics to simplify the problem
Table 8: Data for Spearman correlation coeﬃcient calculation.
Diagram Elegance
Eﬀective
complexity
Elegance
ranking
Eﬀective
complexity
ranking
A 3.9 0.239 4 5
B 3.5 0.245 3 3
C 5.2 0.232 6 6
D 6.4 0.203 7 7
E 7.1 0.145 8 8
F 3.0 0.244 2 4
G 2.7 0.246 1 2
H 4.2 0.249 5 1
Table 9: Data for Spearman correlation coeﬃcient calculation.
Diagram
Vector
norms
Elegance
Vector norms
ranking
Elegance
ranking
A 15.5 3.9 5 4
B 16.1 3.5 6 3
C 8.3 5.2 3 6
D 6.6 6.4 1 7
E 6.7 7.1 2 8
F 17.0 3.0 7 2
G 17.7 2.7 8 1
H 8.4 4.2 4 5
Table 7: Eﬀective complexity calculation and ranking for each
diagram.
Chart Disorder (S/Smax) Eﬀective complexity (LMC)
F 0.425 0.244
G 0.436 0.246
H 0.477 0.249
B 0.557 0.245
A 0.606 0.239
C 0.633 0.232
D 0.717 0.203
E 0.824 0.145
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representation. On the other hand, when the representation
becomes too simple and potentially unable to deliver the
expected performance, we resort to add-meaning heuristics
that eventually make the representation more complex, but
also more meaningful.
This process may proceed by trial and error through the
adoption of the seven artistic strategies until a sweet spot is
achieved in terms of ideal mix of order and disorder. Of
course, additional empirical work is needed to test this
hypothesis by focusing on how subjects actually design
systems and not only on how experts assess already made
system architectures, as it happens in this work.
Elegance in this perspective can be considered as
complexity reduction, as a tension toward simplicity that is
balanced by an opposite tension toward the achievement of
some level of meaningful complexity.
The same idea has been surprisingly mentioned in diﬀer-
ent ﬁelds. In design, Norman stated that good design always
needs some complexity [14] and Maeda aﬃrmed that good
design is a mix of novelty and familiarity [13]. Following
the MAYA design principle (“Most Advanced Yet Accept-
able”), Hekkert et al. [15] showed empirically that familiarity
(“typicality”) and novelty are jointly eﬀective in explaining
the aesthetic preference in consumer products but also that
they cancel each other out. Namely, they found in three stud-
ies that subjects “prefer novel designs as long as the novelty
does not aﬀect typicality, or, phrased diﬀerently, they prefer
typicality given that this is not to the detriment of novelty”
(p. 111). These results have been replicated in other design
studies as well [27].
These works refer to previous research in psychology of
perception. Berlyne [28] found that “The hedonic value of
complex stimuli tends to rise as they become less novel while
the opposite holds for simple stimuli” (p. 284). Berlyne
speculated that the familiarity-novelty tradeoﬀ is driven by
two antagonist factors: a tedium factor that tends to be pre-
dominant when a simple stimulus is encountered repeatedly
and a positive-habituation factor that instead prevails during
repetition of complex stimulus.
Suggestively, semiologists and art critics of the caliber of
Barthes extended this observation to art by arguing that art
is a system without noise and that in great work of art, no
unit of meaning gets wasted [29], implying again that artists
tend toward eﬃcient use of information in maximizing
meaningfulness. While it takes a signiﬁcant leap to extend
these ﬁndings from the visual stimuli provided in lab settings
to the fruition of complex artistic products in the real world,
studies in neuroscience using fMRI [30] show that diﬀerent
types of representational paintings, such as landscapes and
portraits, activated speciﬁc brain areas, whereas exposure to
abstract art causes the activation of multiple brain areas at
the same time. These observations provide some evidence
that familiarity and novelty can trigger diﬀerent neural and
cognitive reactions (recognition of known forms VS explora-
tion of novel forms). We then speculate that when simple
familiar stimuli are mixed with more puzzling ones, as it
may happen in innovative artistic representations, our brain
works to integrate both types of information and that suc-
cessful integration is eventually associated to higher hedonic
value. The validation of this conjecture and its extension to
design and art require additional research, and we suggest
that this convergence of results between art, design, and
psychology of perception oﬀers a promising perspective for
future investigation.
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Figure 5: Principal component graph.
Table 10: Principal components analysis.
Diagrams
A B C D E F G H
Y1 1.5715 1.8962 −1.5962 −2.2354 −3.0415 2489 2.7969 −1.8805
Y2 −0.1329 0.4977 1119 1.2275 −0.8415 −0.325 −0.184 −1.3609
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For instance, we expect that similar results could be
obtained by replicating this study with diﬀerent types of
visual stimuli and subjects. In particular, the methodology
proposed in this paper could be applied to the analysis and
design of user interface, such as in control panels, informa-
tion dashboard, data visualization devices, and app or web
site design.
The selection of the ATM and the use of functional archi-
tectures yield two potential limitations, in addition to the
obvious—the generalizability issues that we already discussed
in Section 2. First, we have assumed that expert perception of
implementation eﬀectiveness and elegance is independent of
the actual system but is primarily aﬀected by the underlying
architectural patterns. This assumption is not arbitrary,
though. On the contrary, it is grounded on the principles of
system architecture [31], on collective experiences using
architecture heuristics [9], and on the concept of architec-
tural patterns [32]. However, our study does not explicitly
explore the eﬀect of this factor. Second, a system architecture
has several dimensions, one of which is the functional one
[31]. We have assumed that expert perception of implemen-
tation eﬀectiveness and elegance is independent of the archi-
tectural dimension. We have grounded this assumption on
the fact that the diﬀerent dimensions share the same underly-
ing relational structure [31, 33]. However, our study does not
explicitly explore the eﬀect of this factor. In addition, the
coupling between various architectural dimensions [9] is also
not explored. These limitations will be central to future work.
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